We present new diagnostic tools for distinguishing supernova remnants (SNRs) from HII regions. Up to now, sources with flux ratio [S II]/Hα higher than 0.4 have been considered as SNRs. Here, we present the combinations of three or two line ratios as more effective tools for the separation of these two kinds of nebulae, depicting them as 3D surfaces or 2D lines. The diagnostics are based on photoionization and shock excitation models (MAPPINGS III) 
INTRODUCTION
Study of SNR demographics and their physical properties (density, temperature, shock velocities) is very important in order to understand their role in galaxies. Their feedback to the Interstellar Medium (ISM), and consequently to the entire galaxy, is of high importance since they provide significant amounts of energy that heat the ISM and they enrich it with heavy elements. They are fundamentally related to the star-forming process in a galaxy, inasmuch as the compression of the ISM by the shock wave, under appropriate conditions, can lead to the formation of new stars. Having a complete census of SNR populations can also give us a picture of the on-going massive star formation rate (SFR) since they depict the end points of massive stars (M > 8M ).
Many photometric and spectroscopic studies of SNRs, have been carried out in our Galaxy (e.g. Milisavljevic & Fesen 2013; Boumis et al. 2009 ) but also in extragalactic environments (e.g. Vučetić et al. 2015; Leonidaki et al. 2013; Leonidaki et al. 2010; Blair & Long 1997) . These studies increase the number of known SNRs, and also provide significant information about their physical and kinematic properties, as well as information on their interaction with their local ISM. According to Green (2017) the known number of the optical Galactic SNRs is 295, while most of the studies on extragalactic environments present a few dozen SNRs per galaxy, except for a handfull of extreme cases: e.g. M83 E-mail: mariakop@physics.uoc.gr with 225 photometric SNRs; (Blair et al. 2013; Blair et al. 2012) , M33 with 220 (Long et al. 2018) , M31 with 150 (Lee & Lee 2014) . The small number of observed extragalactic SNRs compared to those in our Galaxy, is the result of different sensitivity limits and also different selection criteria. The identification of SNRs in our Galaxy or the Magellanic clouds is generally based on the detection of extended nonthermal radio sources, or X-ray sources, while studies in other galaxies rely on photometric or spectroscopic measurements of diagnostic spectral lines.
The most common means of identifying SNRs in the optical regime, is the use of the flux ratio of the [S II] (λλ6717, 6731) to Hα (λ6563) emission lines, as first suggested by Mathewson & Clarke (1973) based on studies of SNR population in the Large Magellanic Cloud (LMC). Usually, nebulae with [S II]/Hα ratio higher than 0.4 are considered as SNRs. Indeed, we expect SNRs to give higher values of [S II] than HII regions since collisionally excited S + behind the shock front gives strong [S II] emission, while in HII regions sulphur is mostly in the form of S ++ . However, within the years, this low limit for the [S II]/Hα ratio has been slightly modified in order to take into account different interstellar densities for the [S II]/Hα ratio (Daltabuit et al. 1976) , different galaxy metallicities (Leonidaki et al. 2013; D'Odorico et al. 1978) , difficulties in distinguishing SNRs from HII regions on the borderline between them (Fesen et al. 1985) or strong emission from [N II] (Dopita et al. 2010 ). Consequently, a more robust diagnostic tool seems to be necessary. Fesen et al. 1985 Advanced observing techniques (multi-slit spectroscopy) give us the ability to obtain full spectral information for large numbers of sources. This, in combination with the development of advanced photoionization and shock models (Kewley et al. 2001; Allen et al. 2008) allows us to examine more accurately spectral features of nebulae and compare data with theory. Several studies have used diagnostic diagrams to separate objects based on their excitation mechanisms, like HII regions and active galactic nuclei (AGN) using 2D or multi-D diagnostics (e.g. Stampoulis et al. 2019; de Souza et al. 2017; Vogt et al. 2014; Kewley et al. 2001) .
Our study focuses on diagnostic diagrams that separate SNRs from HII regions. We present a set of new diagnostic tools for the identification of optical SNRs. These models allow us to derive theory-driven diagnostics that overcome the limitation of the empirical diagnostics employed so far.
The outline of this paper is as follows. In Section 2, we describe the models we used, in Section 3, we talk about the emission line ratios that we examined, the classification method and the most accurate line ratio combination and in Section 4, we discuss our results.
MODELS
In order to generate an emission-line diagnostic tool that is able to separate SNRs from HII regions, we used the results from MAPPINGS III, a photoionization code (Groves et al. 2004; Dopita et al. 2002; Sutherland & Dopita 1993; Binette et al. 1985 ) that predicts emission-line spectra of a medium that is subject to photoionization or shock excitation (Allen et al. 2008) . We obtained the line ratios from the compilation of photoionization and shock excitation model grids available in the ITERA (IDL Tool for Emission-line Ratio Analysis) tool (Groves & Allen 2010; Groves & Allen 2013 ).
Starburst models ITERA includes two sets of starburst models, i.e. emissionline spectra emerging from gas photo-ionized by two different sets of stellar population models. These correspond to the spectra expected from HII regions or star-forming galaxies.
(i) Kewley2000: The first set of models are from Kewley et al. (2001) . These are photoionizaton models based on stellar ionizing spectra created either by the PEGASE-2 (Fioc & Rocca-Volmerange 1997) or the Starburst99 (Leitherer et al. 1999 ) stellar population synthesis codes and under two star-formation scenarios: continuous and instantaneous. The ITERA library contains MAPPINGS III models for various values of the ionization parameter (ranging from 2 × 10 5 to 4 × 10 8 cm s −1 ) and metallicities (from 0.01 to 3 Z for PEGASE-2, and from 0.05 to 2 Z for Starburst99).
(ii) Levesque09: The second set of models is from Levesque et al. (2010) . These are stellar photoionization models with an updated version of Starburst99 code (Vázquez & Leitherer 2005) with continuous star formation and instantaneous burst models, extending to a wider range of ages (0-10 Myr) and examining not only the case of standard but also of high mass-loss tracks, which better approximate the mass loss of massive stars (Levesque et al. 2010 ). Allen et al. (2008) provide a library of spectral line intensities for shock models of different velocities, magnetic parameters, abundances and densities, with and without a photoionizing precursor. From these models we used these that combine the emission from the pre and post-shocked regions which better represent the observation of unresolved sources. They cover velocity ranges from 100-1000 km s −1 and magnetic parameters (B/n 1/2 , where B is the transverse components of the preshock magnetic field and n is the preshock particle number density) from 10 −4 to 10µ G cm 3/2 . They also consider different abundances (LMC, SMC, solar, twice solar and Dopita et al. 2005 solar abundance) and densities (n = 0.01, 0.1, 1.0, 10, 100, 1000 cm −3 ).
Shock models
From these models, we have two sets of line ratios involving the most prominent optical lines for the different abundance and ISM conditions considered. One set applies to SNRs (resulting from the shock models) and another one refers to HII regions (resulting from the starburst models). In the case of shock models, each point of the set is characterized by a shock velocity, a magnetic parameter, a density and an abundance, while for starburst models it is described by the ionization parameter, age, abundance and density.
OPTIMAL COMBINATION OF LINES
In order to find the optimal emission line ratios that best distinguish SNRs from HII regions, we examined two and three-dimensional diagnostics involving different lines for the full range of abundances and densities. and starburst models (representing HII regions; red circles). As we can see shock models are quite well separated from starburst models, although there is some overlap.
Definition of the diagnostic
Aiming to quantify this separation, we construct a 2D-curve (using 2 line ratios) or a 3D-surface (using 3 line ratios) that optimally distinguishes SNRs from HII regions. In order to find the most appropriate separating surface, we used the support vector machine (SVM) models. Specifically we used the python module scikit-learn 1 , a set of supervised learning algorithms for classification, that separates a set of data in two or more classes. SVM can classify different classes of objects on the basis of separating surfaces in the multidimensional space defined by characteristic parameters of these objects (here the line ratios). This boundary can be described by a function of two or more variables, depending on the dimensionality of the input data (here, the number of line ratios which are used). The function of this boundary (decision function) has the following form (e.g. Ivezić et al. 2014) :
where n is the number of the support vectors, (i.e. the points nearest to the distance of the closest point from either class), y is the class, α is the lagrangian multiplier vector, ρ is the intercept term and K(x T , xi) is the kernel function. The general form of the kernel function is K(x T , xi) = (γ < x, xi > +r) d , where γ is the kernel width parameter, xi are the support vectors, r is a constant coefficient, which in our case equals to 1, and d is the degree of the polynomial. We explored various values of γ, from 0.2-1.0, and we selected the ones that better discriminate between different classes, as we explain next. We examined two cases of kernel functions, linear (d=1) and polynomial (d=3), the latter giving more flexibility in the case of complex sepa- Since we are interested in the definition of a diagnostic tool for SNRs we consider: (a) the completeness of shock models (i.e. SNRs) defined as the number of true positives over the sum of true positives and false negatives (i.e. the total number of shock models) and (b) their contamination by starburst models (i.e. HII regions) that is the number of false positives over the sum of true and false positives. The line ratios that maximize the completeness and minimize the contamination are those that we consider as the best diagnostics for distinguishing SNRs from HII regions. In Figure 2 (top) we see the completeness versus the contamination for each line combination and kernel of different functional form (linear or polynomial). The line combinations with the high- Figure 2 ) are shown in the bottom panel of Figure 2 .
Optimal diagnostics
From these results it is clear that the polynomial kernel is more efficient than the linear kernel and hence all the diagnostics we present use a polynomial kernel in their decision function. As we see in Figure Table 1 shows the completeness (CP) and the contamination (CT) for each one of these diagnostics. CPs and CTs show that in general 3D give more accurate results that 2D diagnostics. The rest of the diagnostics we examined are presented in the Appendix. 
and the coefficients for each diagnostic are shown in Table 2 . According to these criteria, sources with F(a, b, c) > 0, where a, b and c are the line ratios of the examined source, are shock-excited regions (SNRs). In Figure 4 we present the optimal 2D diagnostic tools for the line ratios ( Completeness versus contamination for each diagnostic. Different colors and shapes correspond to different kernel of the decision function: the red squares refer to 2D diagnostics with polynomial kernel in the decision function (poly 2d), the green circles to 3D diagnostics with polynomial kernel (poly 3d), the blue triangles-down to 3D diagnostics with linear kernel (lin 3d) and the purple triangles-up to 2D diagnostics with linear kernel (lin 2d). The bottom panel shows more clearly the high completeness -low contamination region of the top panel. Each point is labeled as γ kernel lines, where γ is the kernel width parameter (e.g γ = 0.2 corresponds to 02 kernel), poly refers to polynomial kernel of the decision function and then follow the emission lines ratio used in each diagnostic indicated by the forbidden line involved, e.g. with SII we refer to [S II]/Hα etc. and the respective coefficients are shown in Table 3 . Similarly to the 3D case, sources with G(a, b) > 0, where a and b are the line ratios of the examined source, are considered to be shock-excited regions (SNRs).
DISCUSSION

Effect of Metallicity
The diagnostics presented in section 3 are based on photoionization and shock models for a wide range of metallicities, from 0.25 Z − 2 Z . Since metallicity is directly linked to the strength of the forbidden lines (Leonidaki et al. 2013; D'Odorico et al. 1978) , we explore the efficiency of the di- Table 4 . We see that for the cases of subsolar and solar metallicities the diagnostics work quite well while for supersolar metallicities less good. This happens because high-metallicity nebulae have strong temperature gradient (Stasińka 2005; Stasińka 1980; Stasińka 1978b) resulting in a wider range of intensities for the oxygen lines. Actually, for supersolar metallicities the intensities of the oxygen lines extend to lower values, compared to solar or subsolar metallicities, and thus shifting the lower-excitation shock excited sources in the HII region locus.
Comparison with [S II]/Hα > 0.4 criterion
The standard diagnostic for identifying SNRs is the [S Table 5 we give a summary of the completeness and the contamination for the [S II]/Hα > 0.4 criterion for all the metallicities together and for the subsolar, solar and supersolar metallicities separately. The effect is more dramatic in the case of subsolar metallicities where we may miss even up to ∼70% of the SNR population. In higher metallicities the effect is weaker but it still may result up to 25% incompleteness and ∼15-20% contamination by HII-regions. Therefore, the full 2D and 3D diagnostics, give us the possibility to detect up to ∼30% more SNRs than we did up to now.
Most importantly the application of the [S II]/Hα > 0.4 criterion, leads to a selection effect against slow-shock objects. tion effect in turn results in a bias against older SNRs which have weaker shocks. In addition, there are SNRs with high velocities that are not detected with the 0.4 criterion. These SNRs are characterized by lower values of magnetic parameters (usually high preshock densities 100 − 1000 cm −3 or more rarely low magnetic field ∼ 1µ G). In these cases, the density close to the photoionized zone of the shock becomes high and hence the spontaneous de-excitation of forbidden lines becomes less important (Allen et al. 2008 ), leading to a relatively lower [S II]/Hα ratio.
In order to find a 1D diagnostic with which we can recover these slow-shock regions, we constructed histograms for photoionized and shock-excited regions for each line ratio we considered. The line ratio that minimizes the overlap between the two populations is the [O I]/Hα with 171 (out of 8080) overlapping models ( Figure 5 top right panel) and recovers the vast majority of the SNRs that were Missed by the [S II]/Hα criterion ( 97% of the total number of the points of the shock models), while keeping the contamination by photoionized regions at a minimum. Of course, the 2D and 3D diagnostics have even higher completeness and lower contamination (c.f. Table 1 
Comparison with data
In order to test the accuracy of the diagnostic tools, we compare our models with observational data. We have divided our data sample into two categories. A sample which refers to Galactic SNRs and SNRs of nearby galaxies (LMC, SMC), the SNR nature of which is confirmed by their morphology and/or their radio properties and consequently we can consider it as a more secure sample. We also consider a second sample which consists of SNRs in more distant galaxies that are identified on the basis of the [S II]/Hα criterion. In the same way we use Galactic HII regions and HII regions from the LMC and SMC as a more secure sample and extragalactic HII regions in more distant galaxies as less secure. Table 6 lists individual Galactic sources and the host galaxies for the extragalactic sources, as well as the relevant publications. From these studies, we use objects for which We find between 88.5% and 99.2% agreement between the diagnostics and the prior classification of the less secure sample of SNRs. The best agreement is for diagnostic E, while the worse agreement is for diagnostic F. Figs 9, 10, 11 show these data for the diagnostics D, E and F respectively. Most of the sources that are not found in the expected loci Fesen et al. 1985 Galaxy: S147 1 * , S147 2 * , S147 3 * , S147 4 * , S147 (Leonidaki et al. 2013; Matonick & Fesen 1997) .
The more secure sample of HII regions consists of 18 sources. For the diagnostics B and C two out of the 18 sources are found outside of the HII-region locus. One and 2 additional sources are marginally consistent with their respective loci in diagnostics D and E, taking into account the uncertainties when they are available (Figure 7, Figure 8 ).
For the less secure sample of HII regions we have 100% agreement for diagnostics A and F (7 out of 7 sources). For the rest of diagnostics (B, C, D and E) ∼ 13% for the sources fall out of the HII-region locus.
In summary, we find very good agreement between the diagnostics and the morphologically selected SNRs (Figure 7, Figure 8 ). In addition, even though we do not expect 100% agreement between our diagnostics and the less secure sample, since they have been selected based on the [S II]/Hα > 0.4 criterion, we find that they agree very well.
The same holds in the case of HII regions. Observed HII regions are clearly separated from the SNRs resulting in minimal or no contamination of the SNR population by HII regions.
Furthermore, when emission-line uncertainties are available, we can account for those and derive the probability of a source to belong to shock-excited or photoionized region locus (indicating SNR and HII regions respectively; e.g. by means of Monte Carlo sampling, e.g. Maragkoudakis et al. 2018) .
One complication in the identification of SNRs on the basis of their line ratios is objects that are embedded in HII regions. In this case, the generally weaker higher excitation linesof the HII region would shift the location of the SNRs away from their locus on the diagnostic diagram. Determining a diagnostic that accounts for the contamination by the surrounding HII regions, is beyond the scope of this paper and will be presented in a forthcoming paper.
As we can see, in some cases there are contradicting classifications. Sources that have been classified as SNRs according to a specific diagnostic, are classified as HII regions using other diagnostic. For example, While almost all of the observed SNRs are classified as shock-excited regions using diagnostic E (Figs 8, 10 ) a few of them are classified as photoionized (HII) regions based on diagnostic D (Figs 7, 9 ). This is expected since these diagnostics are simply projec- tions of the multidimensional manifold of the distribution of the shock-excited (SNR) and photoionized (HII regions) in the parameter space defined by the spectral line ratios (e.g. Stampoulis et al. 2019) . Obviously higher dimensionality diagnostics (e.g. diagnostics A, B, and C) offer much better consistency since all available lines are used simultaneously. However, this comes at the cost of requiring measurements of multiple lines, some of which are rather weak.
Possible biases and comparison with other object classes
The diagnostics presented here are based on the comparison of the ratio between different forbidden lines and their corresponding (closest) Balmer lines. II] emission which would discriminate them from the locus of SNRs in our diagnostic diagrams and place them in the high-excitation end of the HII-region locus (e.g. Baldwin et al. 1981 , Sabbadin et al. 1977 .
On the other hand although Herbig-Haro objects are excited by the shock of the jets of young stellar objects, their total luminosity (∼ 0.1L ; e.g. Riaz et al. 2017 ) renders them unobservable in SNR surveys of nearby galaxies. In our Galaxy they can be easily discriminated from SNRs on the basis of their morphology.
Suggested tool for photometric selection of SNRs
The results presented in section §3. Lee & Lee 2015 , Fesen et al. 1985 . This is because the [O I] line is produced in the interface between the photoionized HII region and the surrounding material. In HII region, this interface tends to be quite narrow, since almost all the oxygen is ionized (Evans & Dopita 1985) , resulting in weaker The completeness for SNR selection using this diagnostic is 97.2% and the contamination only 2.4%.
CONCLUSIONS
In this paper we presented theory-driven line-ratio diagnostics for the identification of SNRs. These diagnostics are very promising in reducing the bias against lower excitation SNRs in comparison to the traditional [S II]/Hα diagnostic and they can increase the number of identified SNRs by ∼ 30% at least. We explore six line-ratios combined in 3D or This work has been based on MAPPINGS III shock and starburst models. The use of other shock and starburst models would give probably different diagnostics (different separating lines and surfaces), however, the capabilities of the different line-ratio combinations in distinguishing SNRs from HII regions should be the same or at least very similar. 
APPENDIX A: OTHER DIAGNOSTICS
Here we present the rest of the diagnostics we examined and are not included in §3. In Table A1 we show the completeness, the contamination and the γ perameters of the decision function of the 3D and 2D diagnostics. Figures A1 -A14 show the separating surfaces and lines for these 3D (A1-A7) and 2D (A8-A14) diagnostics. Animations that show the rotation of the surfaces are available in the on-line version. As discussed in §3.2 the surfaces are described by the function F (x, y, z) = 3 i=0 a ijk x i y j z k = 0 and the 2D lines by G(x, y) = 3 i=0 bijx i y j = 0. The coefficients of these functions are given in Table A2 and Table A3 
